The objective of this work is to determine an optimal setup for the 12L14 free-machining steel-turning process that will be able to neutralize the influence of tool wear in the workpiece's mean roughness R a . Aiming this, equations for the mean and variance of the roughness were modelled using the response surface methodology. A crossed array with three input variables of the turning process (cutting speed, feed and depth of cut) and a noise variable (use of new and wear tools) is applied to the methodology. Subsequently, these same responses were optimized using the mean square error, which allows the response mean value to approach a predetermined target value by cancelling variations thereof through a weighted objective. Confirmation experiments were conducted to prove the suitability of the method and excellent results were obtained. Keywords: robust parameter optimization, mean square error, 12L14 free-machining steel turning, response surface methodology Highlights • A robust parameter design applied to the AISI 12L14 free machining steel turning process.
INTRODUCTION
Manufacturing processes are aimed at transforming materials into goods, generating wealth [1] . Camposeco-Negrete [2] states that cost and quality are the main goals of manufacturing companies. To improve quality in this type of process, several authors have studied the turning process using mathematical strategies in order to contribute to the efficiency of these processes, such as: the Taguchi method [3] , ant colony optimization [4] , genetic algorithm [5] and response surface methodology (RSM) [6] .
The primary input parameters in the turning process, i.e., cutting speed, feed rate and depth of cut [7] , are directly responsible for the quality and productivity characteristics of the process, such as the amount of material removed, tool wear, and finishing of the product [8] .
Furthermore, the finishing of the machined parts can be evaluated according to the surface roughness, which are irregularities presented on the surface of the parts, characterized by grooves made by the tool during the machining process [9] of the cutting parameters (ranging from a single parameter per experiment) in the quality responses, such as tool life and surface roughness. This paper makes use of only one roughness parameter (arithmetic average roughness, R a ), considering the calculation of its metrics of the roughness characteristics (R a , R y , R q , R z and R t ). The average arithmetic roughness (R a ) is the arithmetic mean of the absolute values of the ordinates of the effective (measured) profile in relation to the midline in a sample length ( Fig. 1 ). In addition, R a is the most used parameter for general quality control [10] .
The steel used in the turning process of this study was AISI 12L14 carbon steel (used in studies such as: Peruchi et al. [11] , Kishawy et al. [12] , Overcash and Cuttino [13] , Milstein and Marschall, [14] ). The surface roughness of the turned parts and how their roughness is affected by the wear of the cutting tool was studied. The interaction of the wear on the tool (notch wear, flank wear, crater wear, among others) and the cutting parameters used in the process can be critical to the machined work surface finish [15] and [16] and may give unsatisfactory results.
As a result, to minimize experimental costs, it is necessary to use strategies such as the design of Adapted from [10] Furthermore, an experimental study was carried out to model the responses of interest (relative to the average roughness of the machined surfaces) where an experimental arrangement was created for three process variables (cutting speed, feed rate, and depth of cut) and for a noise variable (new and wear tools). This experimental arrangement created from RSM, is used to model machining parameters as in Mandal and Suresh et al. [31] .
A Weighted Mean Square Error Approach to the Robust Optimization of the Surface Roughness in an AISI 12L14 Free-Machining Steel-Turning Process
Each of these theoretical positions makes a significant contribution to the understanding of the ordinary least squares method (OLS). This method is an algorithm used to estimate multiple linear regression model coefficients, factorial and response surfaces.
According to Montgomery [18] , RSM is presented as an efficient approach for the application of a robust parameter design (RPD), in which it is characterized by a set of techniques to determine the levels of controllable factors with the purpose of reducing the sensitivity of the process [32] . In this way, the RPD application aims to ensure that the average response is presented at a desirable level, while the variability of this level is minimized [18] and [33] .
As a matter of fact, when optimizing an RPD (or robust optimization), it is necessary to use experimental arrangements such as the crossed array design [18] . In a robust optimization, there is a dual response surface (DRS), these functions being for the mean (μ) and variance (σ 2 ) of the analysed characteristic, simultaneously optimizing both functions using RPD concepts, using multi-objective techniques such as mean square error (MSE).
An equally significant aspect, MSE is a technique presented by Köksoy [34] that presents the sum of the variance with the quadratic difference between the mean of the response and the target value. For problems with multiple characteristics, there is the agglutination of several MSE functions in which different degrees of importance can be presented [33] . Some studies that use MSE as an evaluation metric in the turning process [35] to [37] . In this way, the MSE was chosen to perform the robust optimization for this turning process, from the mean (μ) and variance (σ 2 ) functions of the average roughness (R a ) of AISI 12L14 steel.
This article proposes to determine an optimum setup for the turning process of AISI 12L14 steel capable of eliminating the effects of tool wear on the average roughness of the machined part. For this, a robust optimization is proposed, followed by a metamodelling of the answers to neutralize the roughness of the answers for both a new and a wear tool through a weighted objective.
This manuscript is organized as follows: Section 2 a general bibliographic review is presented, addressing the techniques used in the study. Section 3 the methodological procedure is presented. Section 4 presents the application of the method for the turning process of AISI 12L14 carbon steel, detailing the design, steps and the experimental results demonstrating the mathematical modelling can be confirmed in practice. Finally, section 5 draws the conclusions.
THEORETICAL BACKGROUND

Response Surface Methodology
RSM is characterized by statistical and mathematical techniques used to analyse and model problems with several variables, aiming at the optimization of a given response [18] and [38] and characterizing a practical, economical, and easy-to-implement methodology [8] .
According to Gomes et al. [39] , the second-order polynomial significantly represents the problems for response surface:
where Y is the response of interest, k the number of independent variables, β the estimated coefficients, x the parameters and ε the associated error term.
Robust Parameter Design
Introduced by Taguchi [40] , RPD is a methodology to specify parameters of a process so that it presents an improvement in quality, ensuring that they reach the desired average of the responses, and minimizing variability before the quality of response. This make the process more stable and insensitive to noise [18] , [32] , [33] , [41] and [42] .
For problems that allow the use of RPD concepts, Montgomery [18] states that RSM is characterized as an efficient approach making use of experimental arrangements such as the crossed array. Thus, the noise variables will be treated as control variables, placing them in a single experimental arrangement.
The crossed array consists of combined controllable factors (inner array) and uncontrollable factors (outer array) where each run is tested [43] . The Fig. 2 presents an example of an RPD with a crossed array.
Fig. 2. Taguchi crossed array
From the RPD concept, it is necessary to use DRS for the robust optimization, being of the mean and variance, where Brito et al. [44] states that the coefficients can be estimated from the OLS algorithm.
As a dual problem, a range of different multiobjective optimization techniques can be employed, in which the MSE will be used in this paper.
Mean Square Error
Equally important, MSE is a multi-objective optimization technique that, according to Köksoy [34] , is characterized by the sum of the variance and the square of the difference between the target value and the mean of the response. Minimizing the MSE allows the mean value of the response to approximate the target value and successively the lowest value for the variability. Eq. (2) presents the formulation of this optimization [44] .
where the MSE(y j ) is the MSE for the j th response, μ(y j ) the established model for the mean of the j th response, T y j the j th response target (for individual optimization) and σ 2 (y j ) the model established for the j th variance. However, Eq. (2) matches the mean and variance for equal levels of importance, in this way, several functions that can be weighted for a global MSE function can be agglutinated, Eq. (3).
As the weights w 1 and w 2 are specified as positive constants [44] to [48] and can be defined by different convex combinations w 1 + w 2 = 1 and w n > 0), for example, through an arrangement of simplex-lattice mixtures.
EXPERIMENTAL METHODOLOGY
To find a robust design for the AISI 12L14 free machining steels, the procedure was divided into five steps described in the sequence. 
AISI 12L14 TURNING PROCESS OPTIMIZATION RESULTS
The AISI 12L14 free machining steels are characterized, according to Gomes et al. [39] , as a relevant industrial process, used in elements such as appliances, plugs, connectors, and components for pumps, in which, the AISI 12L14 do not need to present structural responsibility, thus other mechanical characteristics (response to heat treatments, strength and ductility) are considered secondary factors. In this way, a procedure focused on the optimization of this process and aiming at the effect of tool wear on the final surface quality through the rough roughness (R a ) can follow the following steps.
Experimental Setup
In front of the input parameters are cutting speed (V c ), feed rate ( f ) and depth of cut (a p ). It has the limits of the parameters for the experiment indicated in Table 1 . The wear of the tool flank (Z d ), Table 2 , was considered as a noise variable.
After defining the amplitude of the input parameters (Table 1) , a planned CCD was performed with three factors at two levels (2 k = 2 3 = 8), six axial points (2k = 6) and five central points, totalling in an experimental array of 19 runs described in Table 3 . The CCD is the most used design for experiments, presenting greater advantages than other types of design [18] . In addition, the CCD is widely used in machining applications: [2] , [23] , [49] to [52] . The levels of tool wear are described in Table  2 . According to Brito et al. [44] , the conditions of the noise factors (Z d ) show variation in the surface roughness values. In this way, the RPD is used to determine a control configuration that presents minimum values of roughness with reduced variance against noise factors. Fig. 4) . The tools used had their views captured through an SZ61 Olympus ® stereoscope and the measurements made by the Analisys Five ® software. As a criterion of life for the tool was adopted a wear with a flank of VB max = 0.25 mm approximately, Figs. 5 and 6.
Fig. 5. New tool edge
From the data obtained for the roughness (R a ) of the specimens after the machining with the two tools, it was possible to calculate the mean and variance for each of the experiments. The calculated values are also shown in Table 3 . 
Modelling of Responses
The OLS was applied to the mean and variance data of R a to obtain the quadratic models of these functions. The models presented high values of R 2 , indicating that the adopted models are adequate.
Therefore, according to the full quadratic model described in Table 4 , the mean μ and variance σ 2 equations for R a can be described as in Eqs. (4) and (5) . The graphs of these response surfaces are shown in Figs. 7 and 8 , where the a p value was maintained as 0.45. hold a p = 0.45
Turning Process Optimization by MSE Objective
To perform the optimization by MSE, the optimal values of mean and variance must be established through restricted individual optimization, in which both responses were minimized. The minimum individual value found for the mean was described in Table 5 . These values will be used as target values for the formulation of the optimization problem by MSE. In this way, the optimization problem for AISI 12L14 free-machining steel is described by: min .
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The adopted constraint allows the model to find optimal points within the valid region, without being outside the experimental space. Thus, the restriction of variance was necessary so that the algorithm did not find negative values of variance in the search for optimal points. The equation was weighted for different combinations of weights (w i ) from an arrangement of simplex-lattice mixtures varying the weights between 0.085 and 0.915 so that no weight presented null value (equal to zero). The arrangement created is described in Table 6 .
For each combination of weights determined by the arrangement, an optimization was performed, presenting a combination of optimal points for this problem. Table 6 presents the results found for the optimization of each combination of weights used, as well as the parameters coded and un-coded for each of the responses. From the adopted weights, it is possible to establish a Pareto frontier with the optimized answers.
In addition, Fig. 9 shows the Pareto frontier constructed for this problem, highlighting the locations of the optimal weights in relation to the efficient optimization set. The lowest MSE value was obtained for the combination of weights w 1 = 0.085 and w 2 = 0.915 is described in Fig. 9 . The balance determined by these weights corresponds to the values of V c = 240.3 m/min; f = 0.124 mm/rev and a p = 0.619 mm, providing a roughness mean of 1.4971 μm with variance 0.001 (MSE = 0.0011). Fig. 10 compares the obtained solutions, and it is possible to verify the optimal point found within the established region.
Confirmation Experiments
The optimization of the robust project is aimed at finding configurations of controllable parameters that are not influenced by uncontrollable factors, that is, where the noise variable is neutralized in the process. To confirm whether the results were satisfactory, a suitable sample must be determined to perform a hypothesis test of the average values of the surface roughness with and without the presence of noise factors. If the null hypothesis is accepted, it means that the noise factor was neutralized by the robust configuration.
At the same time, the ideal condition of the weights for mean and variance were 8. The optimal values of the solution vector retain the properties, summarized in Table 7 .
To know the number of replicates (or experiments) required to perform the confirmatory test, one must consider the difference established based on the distance of the utopia and nadir points for the R a response. Adopting a test power of 80 %, a significance level of 5 %, and based on the values of standard deviation of the chosen optimum point, it is possible to obtain the necessary amount of experiments, being of three replicates.
To obtain a better statistical treatment, it was decided to perform two additional experiments, obtaining a total of five replicates for the hypothesis confirmation test described in Table 7 . It is easy to verify that the mean values of R a for the confirmation tests are close to expectations. Observing the ANOVA results from Table 8 , it can be concluded that the noise does not present significant influence on the process, where all values of P > 0.05, In a normal configuration of use, the tool undergoes wear through its use in machining, where the initial configuration would be unable to maintain the same surface roughness values. In a robust configuration, the process performance is guaranteed for a long period, since the roughness values tend to remain statistically equal during the life of the tool. In effect, to ensure the quality of the roughness level, a machining configuration must be established that is not unstable to the wear action of the tool. If this factor is not considered, it would be improbable to maintain an optimum surface roughness value as the tool degrades. This feature differs from a great design to a robust design.
CONCLUSIONS
In machining processes, tool wear is a natural consequence and can be considered a noise factor, since its occurrence is inevitable. Tool performance is associated with the number of machining passages, directly influencing the surface roughness values of the workpiece. Thus, this article presents a robust optimization approach using MSE, weighting the mean (μ) and variance (σ 2 ) for different degrees of importance applied to the AISI 12L14 free machining steel turning process.
Under those circumstances, the described procedure promoted the minimization of the average roughness (R a ) and the variability, neutralizing the influence of the wear tool. The optimized design showed an optimal response setting with the robust parameters x * = [240.3 m/min; 0.124 mm/rev; 0.619 mm] for an MSE = 0.0010 response with mean and variance weights of 0.085 (w 1 ) and 0.915 (w 2 ) respectively. The confirmation experiment showed that the noise factor was not significant for the roughness response.
Generally speaking, establishing an ideal configuration for a machining process, capable of not being influenced by variations in tool wear, ensures the quality of the machined surfaces. Therefore, robust optimization is essential to establish optimum setup and maintain a suitable roughness level for a set time.
